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Abstract

This paper shows how decision theory can be used to determine optimal cut-off scores on mental health screeners. The
procedure uses (a) the costs and benefits of correct and erroneous decisions, and (b) the rates of correct and erroneous
decisions as a function of the cut-off score. Using this information, for each cut-off point expected costs are calculated.
The cut-off point with the lowest expected costs is the optimal cut-off score. An illustration is given in which the General
Health Questionnaire is employed as a major depression screener. Optimal cut-off points are determined for four different
contexts: patients, health service providers, society, and mental health researchers. As in these four situations different

costs are encountered, different optimal cut-off points were found. Copyright © 2008 John Wiley & Sons, Ltd.
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Introduction

In both mental health research and clinical settings,
self-report questionnaires are frequently used to screen
for mental health disorders. A respondent who is
screened positive on the basis of a major depression
screener is suspected to be suffering from major depres-
sion and is commonly examined more closely (e.g. using
a diagnostic interview). Respondents screened negative
are suspected not to suffer from major depression and
do therefore not receive a closer examination. To sepa-
rate respondents into these two mutually exclusive
groups, a cut-off point is commonly set for the screener
above which a responder receives a positive classifica-
tion. Because in practice screeners do never show a
perfect relationship with the actual mental health state,
classification errors occur. To come to a proper value of
the cut-off score, researchers usually choose a cut-off
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score which somehow minimizes the occurrence of
these errors.

In the domains of psychology and medicine, inde-
pendently of each other, procedures for setting optimal
cut-off scores for tests have been developed (see, for
example, Hambleton and Novick (1973) for psychology
and Kraemer (1992) for medicine). Such procedures
explicitly take the costs and benefits of correct and
incorrect classifications into account to come to the
cut-off with the lowest costs. Most mental health pro-
fessionals come from the medical or psychological area.
However, in the mental health field these procedures
are hardly, if ever, used. Instead, sub-optimal heuristics
are employed. For example, a cut-off score is set which
generates the highest sum of sensitivity and specificity
(defined later) coefficients (e.g. Leentjens et al., 2000
Papassotiropoulos et al., 1999). Alternatively, Receiver
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Operator Characteristic (ROC, defined later) curves
are drawn and the cut-off score which lies closest to the
upper left corner is selected (e.g. Herrmann et al,
1996).

In the past it was argued that the determination of
costs and benefits of correct and incorrect health
related decisions was not possible (e.g. Neufeld, 1977).
However, in the last decade the health care environ-
ment has been dominated by a philosophy of cost
containment and managed care. Consequently, the
efficiency of health care resources has been intensively
studied (e.g. Beazoglou et al., 1998). For example, the
monetary costs of treating mental disorders such as
major depression have been calculated (Berto et al,,
2000; Greenberg and Birnbaum, 2005; Cuijpers et al.,
2007). On the basis of such cost-effectiveness analysis,
optimal treatment decisions can been inferred (see, e.
g. Granata et al., 1998). Moreover, the screening of such
disorders has been evaluated economically as well (see,
e.g. McAlpine et al., 2004; Valenstein et al., 2001). In
the latter group of research, the validity of screening
instruments (in terms of diagnostic accuracy) has
been explicitly linked to the costs of mental disorders.
Thus, on the basis of this type of research, costs of
screening errors can be inferred, and therefore optimal
cut-offs for mental health screeners may be
determined.

This paper is an illustration of how optimal cut-off
scores may be derived for screening instruments by
taking into account the costs and benefits of correct
and incorrect decisions. It is intended to gain the con-
fidence of mental health researchers who are unfamiliar
with this procedure. First, a description of using deci-
sion theory to come to optimal cut-off scores is given.
Then, an illustration of how cut-off scores can be
derived in diagnostic testing. As the costs of clinical
decisions may be different in different contexts, cut-off
scores are determined from four perspectives: patients,
health service providers, society, and mental health
researchers.

Decision theory and optimal cut-off scores

Let us assume that a screening instrument is used to
detect major depression in the general population, and
that scores on both a screening instrument and a diag-
nostic interview, representing the true mental health
state, are known. Although such an interview is only
flawless in theory, it is often referred to as ‘gold stand-
ard’. Table 1 represents this situation. In Table 1, D is
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Table 1. Decision table for the screening situation. U
represents the utility of the outcome of the cell

Diagnosis D
D—- D+
False True
Positives Positives
S>c
FP, TP,
(Positive) ¢ ¢ Qe
@ Urp Urp
=
[0
g c
o4 True False
A Negatives Negatives
S<e
(Negative) TN. FNe QL=1-Qc
Urn Urn
P =1-P P 1

Prevalence = P = TP, + F N,

Level at cut-off ¢ = Q. = FP. + TP,

Sensitivity at cut-off ¢ = SE. = TP, /P

Specificity at cut-off c = SP. = T'N./P’

Positive Predictive Value at cut-off ¢ = PPV, = TP./Q.
Negative Predictive Value at cut-off ¢ = NPV, = TN./Q.

the diagnosis on the basis of the gold standard; a person
either does (D+) or does not (D-) suffer from major
depression. The prevalence P is the proportion of
persons actually suffering from major depression. The
S is the score on the screener; ¢ is a cut-off point on
the screener. Persons with scores larger than or equal
to ¢ are screened positive and persons scoring below ¢
are screened negative. The level Q. is the proportion of
persons who receive a classification S+ In practice, due
to imperfect validity and measurement errors, screeners
never show a perfect relationship with the gold stand-
ard. Therefore, as Table 1 shows, there are four possible
outcomes: false positives, true negatives, true positives,
and false negatives. A false positive error occurs when
the screener classifies a respondent to have major
depression when, in fact, (s)he has not. A false negative
error occurs when the screener classifies a respondent
not to have major depression when in fact, (s)he has.
The abbreviations (FP., TN,, TP., and FN,) in Table 1
represent the proportion of the general population in
each cell (when using cut-off ¢). It should be noted that
these proportions are those in the population sampled,
and that P is a constant for that population. When the
population is changed (evaluating Belgians rather than
Dutchmen, for example), P, the four proportions, and
the proper cut-off will change as well.
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Mostly, the quality of a screener is expressed in
terms of two conditional probabilities describing the
screener performance with reference to the gold stand-
ard. Sensitivity (SE) is the probability that a person
who suffers from depression is screened as such (see,
bottom of Table 1). Specificity (SP) is the probability
that a person not suffering from depression is screened
negative. Alternatively, the quality of the screener is
expressed in terms of two conditional probabilities
describing the performance of the gold standard with
reference to the screener. The Positive Predictive Value
(PPV) is the probability of a positive diagnosis after a
positive screening. The Negative Predictive Value
(NPV) is the probability of a negative diagnosis after a
negative screening.

Commonly, to determine a cut-off score, the SP and
SE of the screening instrument are studied for several
cut-off scores. Often, a Receiver Operator Characteris-
tic (ROC) curve (e.g. Zweig and Campbell, 1993) is
drawn, placing 1 — SP on the horizontal, and SE on the
vertical axis. An example of a ROC curve is depicted
in Figure 1. SE and SP are inversely related and vary

with the value of the cut-off score. If a cut-off score is
raised, SE decreases and SP increases (1 — SP decreases):
more respondents not suffering from major depression
are correctly screened negative, but fewer depressed
patients are detected. In contrast, if the cut-off is set at
a lower score, SE goes up and SP goes down: more
respondents who are indeed suffering from major
depression are screened positive, but more respondents
who are actually not suffering from the disorder are
mistakenly screened as positive. When choosing a cut-
off with maximal SE, the lowest value of ¢ should be
chosen. When choosing a cut-off with maximal SP, the
highest ¢ should be chosen. Ultimately the choice to
maximize SE (SP) would be to give nearly everyone a
positive (negative) classification. Thus, maximizing SE
or SP amounts to not using the screener at all (Kraemer,
1992, p. 68). Apparently to come to a cut-off, the
researcher has to take into account the importance of
both SE and SP for the screening situation, but their
chosen values should not be too extreme.

A heuristic often encountered in mental health
research is to choose that cut-off ¢ which has the
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Figure 1. ROC curve of the GHQ. The numbers on the screener ROC curve represent cut-off scores. The m values refer to

the slopes of the tangent lines.
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maximum sum of SE, and SP.. It can be shown that this
is equivalent to finding the maximum value of the sum
P’ x TP.+ P x TN.. Clearly, in this sum the rate of true
positives is ‘valued’ with P’, and the rate of true nega-
tives is ‘valued’” with P (false positive and false negative
errors are ignored, and thus have zero importance). If
the prevalence is high (>0.5), TN has a higher impact,
and if prevalence is low (<0.5), TP has a higher impact
in this sum. Only when the prevalence is 0.5, TN and
TP have equal weight. Clearly, when P changes (e.g.
when screening another population), the importance
of a true negative and true positive changes automati-
cally as well. This is undesirable, because it is highly
unlikely that a decision-maker’s evaluation of classifica-
tion errors varies from situation to situation. Therefore
it is better to explicate the costs and benefits, or utility,
of correct and incorrect screening classifications, and
incorporate them in a decision theoretical approach.

In decision theory (e.g. Winkler and Hays, 1975,
chapter 9), the concept of utility is very important.
Urtility is a measure of the satisfaction gained from a
possible outcome. Ultility is often expressed in mone-
tary terms, but may also be expressed on a more subjec-
tive scale. It has been introduced to the fields of both
psychological and medical testing. In psychological
decision-making, Cronbach and Gleser (1965), expressed
the validity of selection tests in terms of the dollar
value of job performance. Hambleton and Novick
(1973) addressed the relationship between cut-off scores
and expected utility for mastery tests. Gross and Su
(1975) translated this approach to setting the cut-off
scores of performance tests in personnel selection. In
medical decision making contexts the utility of a test
procedure was introduced by McNeil et al. (1975).
Kraemer (1988, 1992) and Kraemer et al. (1999) updated
these methods. Although in the fields of psychological
and medical decision-making, a different terminology
is used and seemingly different steps are taken, the
procedures for assessing optimal cut-off scores are
identical.

To incorporate utility into the diagnostic test setting,
the costs and benefits of each of the four outcomes
should be specified. This may be expressed in monetary
values but also on a more subjective scale. The utility
(U) associated with each outcome is displayed in Table
1. Subsequently these utilities are weighted by the
matching probabilities (FP,, TN,, TP,, and FN,) at cut-
off ¢ to calculate expected benefits of the four possible
outcomes. The expected utility (EU.) for a randomly
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selected person is the weighted sum of the four
utilities:

EU, =FP.-Upp+ TN, - Urn+TP.- Urp+FN. - Ury, (1)

where the probabilities are the weights. By varying cut-
off score ¢, i.e. by moving the horizontal line in Table
1 vertically, the proportions FP,, TN,, TP,, and FN, will
change. In contrast, the utility of the outcomes remains
constant. Consequently, the value of the expected
utility EU in Equation 1 will also change. The optimal
cut-off score ¢ is determined by calculating the expected
utility for all possible cut-off scores on the screening
instrument, and ascertain which cut-off score has the
highest expected utility. Alternatively, when U is
expressed in costs (i.e. disutility) instead of benefits
(utility), the optimal cut-off score is the point with the
lowest expected costs.

This procedure can be expressed in terms of the
ROC method (see, e.g. Kraemer, 1992, p. 121). We start
by defining the four classification rates in terms of P,
SE, and SP.: FP. = P’ x (1 — SP); TN, = P’ X SP; TP. =
P x SE; and FN, =P x (1 — SE.), where P’ =1 - P.
Then Equation 1 can be expressed as:

EU.=P"-(1 =SP)-Ugp + P"-SP.-Ury + P-SE.- Upp
+P-(1=SE)-Upy
= (P’ =P"-SP)-Ugp + P"-SP.-Upy +
P-SE.-Ugp+ (P —P-SE) - Uy
= (P" = Upp+ P-Ugy) + P’-SP.- (Ugp — Upy)
+ P-SE.- (Upry— Ugp). (2)

Since P and the U’s do not change when varying c, the
first term above is fixed for all cut-offs. Consequently,
only the remaining part of the equation is maximized.
Note that Uy — Upp reflects how much difference in
utility it makes whether persons with D— are classified
correctly or not, and that Upp — Ugy reflects how much
difference it makes whether persons with D+ are clas-
sified correctly or not. Let r = (Upp — Upn)/(Urp — Upy
+ Upn — Upp). Now again, since the U’s are fixed and
thus so is r, the following is maximized:

P’-SP.-v" + P-SE. -, 3)

where v’ =1 —r. This means that maximizing Equation
1 is equivalent to finding that particular cut-off point
of the ROC curve, that maximizes Equation 3 for P and
r fixed. This optimal point occurs where the slope (m)
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of the ROC curve equals (P” X r")/(P x r) (e.g. McNeil
et al., 1975, Equation 1). In practice, a line with slope
m that touches the ROC curve is drawn; the cut-off at
that touching-point is the optimal cut-off. In Figure 1
several of such tangent lines are drawn.

A problem sometimes encountered is that EU is
maximized when everyone receives a positive (Q = 1),
or a negative (Q = 0) classification, i.e. when the
screener actually is not used at all. Therefore, Kraemer
(1992) required that EU at optimal cut-off ¢ be higher
than the random utility (RU) for that cut-off.! RU. can
be deduced by introducing a random screener, i.e. a
screener which has zero correlation with the gold
standard, but with an identical level Q as the screener.
For a random screener, FP. = P’ x Q. TN, = P’ x Q’;
TP. =P x Q; and FN. =P x Q’, where Q. =1 - Q..

RU.=P"-Q.-Upp+ P"-QL-Urn+ P-Qc-Upp +
P-Q! Upn. 4)

Consequently, a valid screener with optimal cut-off ¢
would require that EU, > RU..

Illustration

The illustration employs the 12-item version of the
General Health Questionnaire (GHQ; Goldberg, 1972)
as a screener of major depression.” The range of scores
is 0 to 12, with a higher score indicating a higher sever-
ity of depression. The diagnostic accuracy of the GHQ
was assessed in a large sample (N = 5608) from the
Dutch population (Bijl et al., 1998), where the CIDI/
DSM diagnosis of depressive disorder (one-month
recency) was used as the gold standard. Table 2 shows
the 2 x 2 classification tables, SE, SP, PPV and NPV for
each the 12 cut-off scores. The area under the ROC
curve (see, Figure 1), which can be seen as the probabil-
ity that a randomly selected person with D+ scores
higher on the screener than a randomly selected person

with D— (e.g. Zweig and Campbell, 1993), was high:

"For a description of the relationship of EU and RU, on the one
hand, and weighted kappa, on the other hand, see Kraemer
(1992) and Kraemer et al. (1999).

’The GHQ was originally intended to screen for psychiatric
disorders in general. However, for illustrational purposes it is
used here to screen for major depression.

Copyright © 2008 John Wiley & Sons, Ltd

0.89.° When applying the heuristic of finding the
highest sum of SE and SP to determine the optimal
cut-off point, a score of 3 is found. Implicitly, a true
positive receives an importance of P = 1 — 0.022 =
0978, and a true negative receives an importance of
P = 0.022; consequently, a true positive is valued
0987/0.022 = 45 times as important as a true
negative.*

In the illustration, we will make several assump-
tions. First, it is assumed that the screening instrument
is used to detect major depression in the general Dutch
adult population. People either are healthy or have a
major depression; other disorders are not addressed. For
the determination of costs generated by major depres-
sion, we heavily rely on two papers. From the first, a
paper by Hakkaart-Van Roijen et al. (2006), we used
the estimated average direct and indirect monetary
costs generated by patients suffering from major depres-
sion. From the second, an article by Valenstein et al.
(2001), we used the ratio of costs of undetected to
detected major depression. We assume that the out-
comes from these two papers are valid for the general
Dutch adult population.

In the previous section it was shown that the
maximum value of Equation 1 can be derived by looking
for the cut-off with slope m in the ROC curve. We will
primarily study Equation 1 rather than the ROC
approach for two reasons. First, we think it is more
insightful for readers unfamiliar with setting optimal
cut-offs to study expected costs than drawing lines in
a ROC plot. Second, it allows for displaying EU relative
to RU, the utility of a random test. However, in the
illustration the ROC approach will be touched upon
(e.g. r and m values are provided). Note again, that both
approaches will lead to identical optimal cutoff
points.

For each of the four perspectives, the first paragraph
starts with an overview of the relevant costs. In the
cut-off score is

second paragraph, the optimal

determined.

Perspective 1: Respondents
For this perspective we focus on the costs of the screen-
ing situation for respondents in the general population.

’The ROC analysis was performed with the ROCR (Sing et al.,
2005) library in R (R Development Core Team, 2005).

It can also be shown that using this rule, r = P’ = 0.978, and
that m = 1.
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Table 2. Diagnostic accuracy of GHQ as a function of cut-off score

Cut-off Cut-off
Score Classification Table Q SE  SP PPV NPV Score Classification Table Q SE SP PPV NPV
DIAGNOSIS DIAGNOSIS
0 1 0 1
1 0.334 0.909 0.679 0.059 0.997 7 0.038 0.446 0.971 0.256 0.988
1]0.315 | 0.020 1]0.028 | 0.010
GHQ GHQ
0| 0.664 | 0.002 0] 0.950 | 0.012
DIAGNOSIS DIAGNOSIS
0 1 0 1
2 0.202 0.835 0.812 0.089 0.996 8 0.025 0.306 0.981 0.262 0.985
1]0.184 | 0.018 1]0.019 | 0.007
GHQ GHQ
0] 0.794 | 0.004 0| 0.960 | 0.015
DIAGNOSIS DIAGNOSIS
0 1 0 1
3 0.139 0.777 0.875 0.121 0.994 9 0.018 0.264 0988 0.323 0.984
101221 0.017 1]0.012 | 0.006
GHQ GHQ
0| 0.856 | 0.005 0] 0.966 | 0.016
DIAGNOSIS DIAGNOSIS
0 1 0 1
4 0.099 0.719 0.914 0.156 0.993 10 0.010 0.198 0.994 0.421 0.983
1]0.084 | 0.016 1| 0.006 | 0.004
GHQ ) GHQ
0| 0.894 | 0.006 00973 | 0.017
DIAGNOSIS DIAGNOSIS
0 1 0 1
5 0.074 0.653 0.939 0.191 0.992 11 0.005 0.083 0.997 0.370 0.980
1 0.060 | 0.014 1] 0.003 | 0.002
GHQ 3
0] 0.919 | 0.007 10 10975 | 0.020
DIAGNOSIS DIAGNOSIS
0 1 } . 0 1
6 0.055 0.579 0.957 0.229 0.990 12 0.002 0.017 0.998 0.182 0.979
1]0.042 | 0.012 1| 0.002 | 0.000
GHQ 3
0| 0.936 | 0.009 ena 0 0.977 | 0.021

Note. The Prevalence (P) is 0.022.

The costs commonly associated with major depression
are decreases in functional status, work capacity, and
happiness. To quantify such subjective costs, quality of
life research has studied the impact of health states by
using preference-based measures (e.g. Wells and
Sherbourne, 1999). Such utility ratings are comprehen-
sive measures that take into account all factors influ-
encing the quality of life and arrives at a measurement
of patient desirability for a specific health state such as
major depression, which is expressed on a scale from
0 (worst) to 1 (best). Following Valenstein et al. (2001)
we assume that respondents with D+ can either show
full remission, partial remission or no improvement. In
addition, a major depression has a utility of 0.63, a

Copyright © 2008 John Wiley & Sons, Ltd

partial remission has a utility of 0.70, and a full remis-
sion has a utility of 0.89. We assume that both depressed
persons with and without treatment can show each of
these states, but that treated patients have a higher
probability of recovery. The proportions in the two
groups are taken from Valenstein et al. (2001). Treated
patients have a probability of 0.50 of full remission, a
probability of 0.30 of partial remission, and probability
of 0.20 of no improvement. In contrast, untreated
patients have the following probabilities: 0.35 of full
remission, 0.15 of partial remission, and 0.50 of no
improvement. To come to fair estimates of the average
utilities for the untreated patients (false negatives) and
treated patients (true positives), the utilities of the four

Int. J. Methods Psychiatr. Res. 16(4): 219-229 (2007)
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outcomes are weighted by their relative frequencies.
The expected utility of a treated patient with major
depression was 0.50 x 0.89 + 0.30 x 0.70 + 0.20 x 0.63
= 0.78. The expected utility of an untreated patient
with a major depression was 0.35 x 0.89 + 0.15 x 0.70
+0.50 x 0.63 = 0.73. The utility of a healthy respondent
who is screened negative has the maximum utility of
1.0. The utility of a false positive was set by ourselves.
It was argued that both being classified as depressive,
and being submitted to a diagnostic interview may
decrease the quality of life somewhat. Therefore, this
was assumed to have a disutility of 0.01, i.e. a utility of
0.99. Table 3 shows the respondent costs associated
with the four outcomes.

Figure 2a shows EU and RU of the respondents’ as
a function of GHQ) cut-off score. Figure 2a shows that
a cut-off score of six generates the highest expected

Table 3. Costs associated with the four
perspectives

Costs per cell r m

(a) Respondents’ utility

DIAGNOSIS
0 1
0.833 9.1
1 0.98 ] 0.78
GHQ
1.00 | 0.73
(b) Health service providers’ costs
DIAGNOSIS
0 1
0.782 12.7
1 124 | 3484
GHQ
0] 3928
(¢) Socictal costs
DIAGNOSIS
0 1
0.931 3.4
1 124 | 9635
GHQ
0| 11309
(d) Researchers’ costs
DIAGNOSIS
0 1
0.980 0.9
1 1 0
GHQ
0 0150

Copyright © 2008 John Wiley & Sons, Ltd

utility. As the EU-curve lies above the RU-curve for
this cut-off (it lies above it for all values of ¢, although
for a cut-off of 12 this difference is marginal), we can
conclude that the screener is useful for this situation.
In addition, when using the ROC curve to find the
optimal cut-off, a slope of m = 9.1 (see Table 3) is used.
Figure 1 shows that this line touches the ROC curve
at the cut-off of six, the optimal point. In other words,
to maximize the average utility of the respondents, a
cut-off score of six should be used when administering
this major depression screener.

Perspective 2: Health service providers

For this perspective we focus on the costs that health
care organizations have when dealing with major
depression. Several types of costs are made. In the first
place, health service providers are faced with the costs
of treating major depression. The average per-patient
cost of treatment is €1396 (Hakkaart-Van Roijen et al,,
2006). In addition, persons suffering from major depres-
sion make medical costs other than treating depression
as well: €1964 on average. In addition, respondents
screened positive are submitted to a diagnostic inter-
view, which costs €124. The total costs of a true positive
were thus estimated to be 1396 + 1964 + 124 = €3484.
The costs of an undetected patient with major depres-
sion was determined in the following way. Untreated
depressive disorders are associated with high costs for
medical care other than treating depression (Hakkaart-
Van Roijen et al., 2006; Valenstein et al., 2001). Con-
gruous with Valenstein et al. (2001) we assumed that
an undetected, and therefore untreated major depres-
sion generates two times as much of such costs as a
detected depression. Thus, the cost of a false negative is
estimated to be 2 x 1964 = €3928. The cost of a person
not suffering from major depression, who is screened as
such (i.e. a true negative) is assumed to be zero.’ False
positives are assumed to only generate the costs of a
diagnostic interview (€124). Table 3 shows the health
service provider’s costs associated with the four
outcomes.

’In addition, as the screener is administered to subjects in all
four cells, and therefore it does not generate differences between
cells, the cost of screening itself is not entered in the cost-benefit
analyses.
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Figure 2. Expected (a) respondents’ utility, (b) health service provider costs, (c) societal costs, and (d) researchers’ costs as a
function of GHQ cut-off score. The solid lines represent expected utility (or costs); the dashed lines represent random utility

(or costs).

Figure 2c shows the expected health care costs as a
function of the GHQ cut-off score. Figure 2¢ shows that
a cut-off score of seven generates the lowest expected
costs. In addition, it shows that this optimal cut-off is
legitimate since the expected costs are lower than the
costs of a random screener. When using the ROC curve
to find the optimal cut-off, a slope of m = 12.7 (see Table
3) should be used. Figure 1 shows that this line touches
the ROC curve at the optimal cut-off point of seven.

Copyright © 2008 John Wiley & Sons, Ltd

In other words, for the health service provider to keep
the costs associated with major depression as low as
possible, a cut-off score of seven should be used when
administering the screener.

Perspective 3: Society

From a societal perspective, major depression not only
generates direct medical costs. Indirect costs arise when
production losses occur due to absence from work
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through the major depression. The total indirect costs
of a detected major depression is €6151 on average
(Hakkaart-Van Roijen et al., 2006). To come to the
total societal costs of a true positive, the health service
provider’s costs and indirect costs are added up: 3484 +
6151 = €9635. The indirect costs of an undetected
depressive patient are determined as follows. We assume
that the degree of recovery from depression is different
for patients receiving treatment than for patients
receiving no treatment. Following Valenstein et al.
(2001) we translated this difference into 20% more
indirect costs for a false negative patient. The total
average societal costs for false negatives are thus 3928 +
1.2 x 6151 =€11,309. As in the health service provider’s
scenario, false positives only generate the costs of a diag-
nostic interview (€124). Likewise, the costs of true nega-
tives are assumed to be €0. Table 3 shows the societal
costs associated with the four outcomes.

Figure 2b shows the expected societal costs as a
function of the GHQ cut-off score. The lowest expected
costs are encountered for the cut-off score of five. This
is a valid optimal cut-off since the expected costs are
lower than the costs of a random screener. When using
the ROC curve to find the optimal cut-off point, a slope
of m =34 (see Table 3) should be used. Figure 1 shows
that this line touches the ROC curve at the optimal
cut-off point of five. In other words, from a societal
perspective, to keep the costs of dealing with major
depression as low as possible, a cut-off score of five
should be used when administering the GHQ as a
screener.

Perspective 4: Researchers

The fourth perspective is that of mental health research-
ers. Such researchers often use screening instruments
to select subjects from their sample for further research.
For example, to select patients for clinical trials, many
potential participants are sampled and screened. Screen
positives receive a diagnostic interview to determine
whether they are suitable to be included in the study
(suitable in the sense of having the disorder in ques-
tion). Obviously, researchers would want the screener
to make as little classification errors as possible.
However, it is to be expected that they do not assign
the same value to false positive as to false negative
errors. As the prevalence of mental disorders such as
major depression is low, it is rather difficult to obtain
enough patients for a study, and therefore undetected
patients are quite costly. In contrast, a mentally healthy
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person who is screened positive is, although undesira-
ble, not so costly. Such a false positive will soon appear
to be unsuitable for the study when administering the
diagnostic interview. To quantify this difference, let us
assume that for a researcher the costs of a false negative
are perceived as 50 times as high as the costs of a false
positive. In addition, correct classifications are assumed
to generate costs nor benefits. Consequently, as shown
in Table 3, the costs of true negatives, false positives, false
negatives, and true positives are O, 1, 50, and O,
respectively.

Figure 2d shows the expected researcher’s costs as a
function of the GHQ cut-off score. The lowest expected
costs are encountered for a cut-off score of two (which
are marginally lower than for a cut-off score of three).
This optimal cut-off is legitimate as the screener gives
better results than a random screener. When using the
ROC curve to find the optimal cut-off, a slope of m =
0.9 (see Table 3) should be used. Figure 1 shows that
this line touches the ROC curve at the optimal cut-off
point of two. In other words, for a researcher with the
mentioned perceived costs, to keep the costs as low
as possible, a cut-off score of two should be used
when administering the GHQ as a major depression
screener.

Comparing Perspectives

The four plots in Figure 2 show that the optimal cut-off
scores were different for the four perspectives. The
optimal cut-off points were six for the respondents,
seven for the health service providers, five for society,
and two for the researchers. Moreover, the heuristic of
choosing the cut-off with the highest sum of SE and SP
had a different optimum as well: a cut-off score of
three.

This divergence among the four perspectives resulted
from the different ratios of costs encountered (and
therefore differences in r and m). For example, a false
positive error generated the same costs in the health
service provider and societal scenario (€124). However,
the ratio of these costs to those of the detected and
undetected depressed patients was much higher in the
health care scenario than in the society scenario. In
the health care situation one merely had to deal with
medical costs, whereas in the societal scenario one had
to deal with costs due to absence from work as well.
Therefore a false negative error added less to the total
expected costs in the latter than in the former
scenario.
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Discussion

In this paper we showed how optimal cut-off scores on
mental health screeners may be derived by incorporat-
ing the costs of the potential outcomes. Through
weighting these costs by the probabilities of the out-
comes, expected costs are calculated. The optimal cut-
off point is the score which produces the lowest expected
costs (under the condition that the expected costs are
lower than those on the basis of a random screener).
The illustration employed a major depression screener
and used different perspectives for determining costs
and benefits: respondents, health service providers,
society and researchers. As in these four situations dif-
ferent costs were encountered, naturally, different cut-
off points were found to be optimal.

Some may find it disturbing that anything other
than the perspective of the patient in evaluating a
screening instrument be considered. In practice
however, financial resources in mental health are
limited and therefore it is impossible to do what is best
for all potential mental health patients. Given these
restrictions, choices have to be made which are the
least costly for mental health professionals. In that
context, using optimal cut-off scores for screeners may
be helpful. In addition, in different fields of mental
health, different costs and benefits are encountered.
Therefore, the perspectives of health care providers,
society, and researchers were included in the illustra-
tion as well.

In the present paper, the costs of all respondents
that were in the same cell of the decision table were
identical. In decision theoretical words, a ‘threshold
loss’ function was used (e.g. Hambleton and Novick,
1973). Hence, the costs of mild depression were equal
to the costs of very severe depression. However, it may
be unrealistic to assume that the costs are constant for
patients with different degrees of depression. Alterna-
tively, if one wishes to incorporate such differential
costs, a linear loss function (Van der Linden and
Mellenbergh, 1977) may be used. When using this type
of loss function, the costs of misclassifications are line-
arly related with the degree of depression. Consequently,
an undetected very severe depression will generate
more costs than an undetected mild depression. Natu-
rally for the application of this function two things
should be known. First, the relationship between the
screening instrument and the true degree of depression.
Second, the costs encountered for the different levels
of depression.
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In each of the four perspectives we were able to
provide costs for each of the four outcomes. Sometimes,
it may be difficult to determine these costs precisely. In
such cases, attention may be restricted to r, which
quantifies how much difference in utility it makes
whether persons not depressed are classified correctly
or not, relative to how much difference it makes whether
depressed persons with are classified correctly or not
(also, see, Kraemer et al., 1999). Although such an
estimate may be rather crude, it is still better than not
explicating costs and benefits at all.

We showed how optimal cut-offs can be determined
on the basis of decision theory. This procedure for
setting optimal cut-off points has been available for
several decades now. Hopefully, this paper stimulates
researchers and clinicians to no longer exclusively use
the sub-optimal heuristics for cut-off setting, but to
explicate the costs of their clinical decisions in order
to set cut-offs that are optimal in the context for which
they are used. Moreover, we hope that it makes mental
health professionals more aware of the value of the
outcomes of screening and improve their use of
screeners.
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